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ABSTRACT

Ice hockey is a very popular sport in the Czech Republic. Nowadays, hockey player efficiency
analysis is a useful tool that helps sports managers with player selection, team composition
and team performance evaluation. The literature offers only a limited number of scientific
studies that deal with the evaluation of the efficiency of hockey players or clubs. The aim of
this research is to use data envelopment analysis to help Czech hockey clubs, managers and
coaches to evaluate the efficiency of their players. This research evaluates the technical effi-
ciency of Czech hockey players using three data envelopment analysis models, ranks the best
players based on their super-efficiency scores, and then tries to uncover the main sources
of player inefficiency. The models are empirically applied to players playing in the Tipsport
extraliga in the 2021/22 season. The evaluation used in this paper attempts to incorporate
greater objectivity into decision making and thus may be an important step in developing a

systematic methodology for evaluating hockey players.
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INTRODUCTION

Efficiency is a performance criterion for any organizational system based on the quantity of inputs
and outputs (Kian, 2009). In this research, efficiency is defined as the ratio of outputs to inputs
needed to produce those outputs. In the current economically challenging times, sports clubs need to
use their resources judiciously and pay attention to measuring their efficiency. Due to the nature of
sports clubs, it is often quite difficult to measure their efficiency and performance. Sports clubs are
a special kind of business because, although they operate within the same legal framework as other

companies, they are very strongly conditioned by sporting activities. Every sports organization in
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the current adverse times needs a comprehensive system to measure its efficiency to be aware of
the desirable and undesirable elements in its operations. The sports industry has been undergoing
a development in the last two years, especially economically. Sports competitions around the
world have been negatively affected by the global Covid-19 pandemic in 2020 and 2021. Czech
sports clubs are currently struggling with high energy prices and a post-viral decline in spectator
attendance. Every sports organisation should therefore try to assess its strengths and weaknesses.
Success in a professional sports league today goes hand in hand with a successful team, coach and
ultimately team leadership. The focus should be on determining whether the sports club is using
its human resources appropriately to achieve the best possible sporting results. It is conceivable
that a club whose players are relatively cheap can get “interesting” sporting results. Evaluating the
efficiency of individual players is currently a key issue in the sports industry. Because the success of
the club and the success of the team is built primarily on individual players. This raises the question
of how to measure the sporting efficiency of players.

Efficiency measurement in professional sport has an extensive list of empirical analyses in
the sport economics literature. The following list contains only a few examples from different
sports. These are mainly foreign researches focusing on football (Collier et al., 2011; Hadley et
al., 2000; Haas, 2003; Haas et al., 2004; Guzman and Morrow, 2007; Espitia-Escue and Garcia-
Cebrian, 2004; Palafox-Alcantar and Vargas-Herndndez, 2015; Zambom-Ferraresi et al., 2019;
Guzmaén-Raja and Guzman-Raja, 2021; Kirschstein and Liebscher, 2018), basketball (Zak et al.,
1979; Fizel and D’Itri, 1996; Cooper et al., 2009; Cooper et al., 2011), baseball (Porter and Scully,
1982; Ruggiero et al., 1996; Andersen and Sharp, 1997; Mazur, 1994; Suk, 2014), golf (Fried et al.,
2004) and tennis (Halkos and Tzeremes, 2012; Ramoén et al,, 2012). Most of the aforementioned
efficiency studies evaluate the technical efficiency of sports clubs or teams as a whole. Despite
numerous studies conducted in many different countries, few studies have attempted to include
measures of the technical efficiency of individual players. The player is an important element
behind the success of the team and the sports club. The literature review further revealed that there
is almost no attention paid to ice hockey among researchers. Ice hockey is a very popular sport
worldwide nowadays. The hockey industry is a major industry in many countries. Ice hockey has
a long history and tradition in the Czech Republic and its popularity is at a high level. Therefore,
efficiency analysis is as important in ice hockey as in other sports.

The literature review further revealed that operational research techniques are mainly used
to measure efficiency in professional sport. One of the most commonly used techniques is data
envelopment analysis (further DEA). The following section briefly summarizes the authors who
apply data envelopment analysis or other operational research techniques in their research
to evaluate the efficiency of hockey clubs or individual players. These are mainly authors who
evaluate the efficiency of clubs from the National Hockey League (further NHL). Kuosmanen
(1998) evaluates the efficiency of NHL hockey clubs in the 1996/97 season using data envelopment
analysis. The DEA model includes data on player salaries (inputs), league points in the regular
season and playoff results (outputs). The result of his research is a calculated efficiency score for
each team, which indicates the team’s efficiency compared to other teams in the NHL. The resulting

efficiency score shows how many league points in the regular season and playoff wins each team
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could have achieved with the right team composition and correct tactical decisions. The results of
the research showed that player salaries do not fully explain the success of teams in the regular
season and playoffs. Inefficiency in achieving playoff wins and league points in the regular season
with a given roster can be caused by mistakes in player selection or coaching.

Jablonsky (2021) examines the relationship between individual player efficiency and team
efficiency and models team efficiency as a function of player efficiency. Individual player efficiency
is measured using traditional radial and additive Slacks-Based Measure DEA models. The efficiency
of teams is then determined by traditional DEA models with variables describing the actual
achievements of teams and parallel DEA models that take into account all player positions and the
actual performance of teams in the league. The study is based on NHL statistics for the 2019/20
season. The results of the analysis show that actual team performance is not always directly
dependent on the individual performance of team members. The biggest deviations occurred with
the Florida Panthers and Montreal Canadiens. The best team in the regular season, the Boston
Bruins, was ranked 10th by the DEA model. The ranking of the teams derived from the overall
efficiency is further away from the actual ranking. The average deviation of the derived ranking
from the actual ranking is 4.00. The conclusion is consistent with the fact that a team is always
more than the sum of individuals.

In his efficiency analysis, Kahane (2005) attempts to identify sources of inefficiency in NHL
clubs using a stochastic frontier production function. Inefficiency in the NHL can be traced in
part to differences in coaching ability, team ownership, local sports competition, and management
experience. His research concluded that teams with unusually high or very low numbers of French-
Canadian players are less efficient. Another source of inefficiency is poor coaching instructions and
other factors such as the age of the club. Another possible source of inefficiency in hockey clubs is the
type of ownership structure. For example, clubs owned by corporations tend to be more efficient
than clubs owned by individuals. Bedford and Baglin (2009) measure team performance during
hockey games using regression analysis. Their model is based on direct interaction between two
competing teams. They include a performance measure in their model to assess the performance of
a team over the course of a match. The research was applied to NHL teams playing in the 2005/06
and 2006/07 seasons. The results of the analysis provided an objective, simple and versatile measure
of team performance that would be a valuable evaluative tool for coaches, media and spectators.
Weissbock et al. (2013) propose a machine learning approach to predict success in the NHL. The
approach combines traditional statistics, such as the number of goals scored and conceded, and
performance metrics, such as the number of goals scored in games, to create a classification model.
The best results were obtained using neural networks with an accuracy of 59.38%. This model can
be used to predict the winner of the playoffs and the winner of the Stanley Cup.

In the Czech environment, hockey efficiency was only examined by the consultancy PwC (2015),
which analysed each country’s conditions for success at the 2015 World Ice Hockey Championships
held in Prague and Ostrava. The research used regression analysis to estimate the so-called PwC
point index. This index assesses the historical performance of national teams over the past 20 years
at World Cups. Z It takes into account each place in the final ranking. The analysis also takes

into account the number of stadiums, the number of registered hockey players, demographic and
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economic indicators and the average annual temperature in the country. The research confirmed
the hypothesis that well-functioning national teams are mostly in countries with a long hockey
tradition and popularity. The research also concluded that a country’s economic prosperity does
not affect the efficiency of national teams. A regression analysis was also used to determine a
model-based estimate of team performance based on the included input variables. These values
represent the performance that teams should achieve.

It is clear from the above that the literature focuses mainly on the most famous hockey
competition - the NHL. No attention is paid to other hockey competitions. Efficiency measurement
focuses predominantly on the club level. Researchers pay minimal attention to efficiency at the
level of national hockey teams or at the level of individual players. Czech hockey in general and
the Czech top hockey league have not received any attention in the literature. The aim of this
research is to use data envelopment analysis to help Czech hockey clubs, managers and coaches
to evaluate the efficiency of their players. The presented research determines the level of technical
efficiency of Czech hockey players using basic methods of data envelopment analysis, determines
the ranking of the best players based on their super-efficiency scores and then tries to reveal the
main sources of player inefficiency. The models are empirically applied to players of the Czech top
hockey competition (i.e. Tipsport extraliga) in the 2021/22 season. The results of the research may

be interesting not only for sports managers, coaches and hockey scouts, but also for fans.

METHODS AND DATA

Data

As mentioned in the introduction, the aim of the research is to use data envelopment analysis to
determine the level of technical efficiency and then to compare the efficiency of hockey players
playing in the Czech top hockey competition, i.e. Tipsport extraliga. Player efficiency was analyzed
in the 2021/22 season and was evaluated based on player statistics from the regular season and
then from the playoffs. Furthermore, the research seeks to uncover the main sources of player
inefficiency from both the regular season and the playoffs.

The data used for research purposes come from the official statistical database of Czech hockey,
which is operated by BPA sport marketing a.s. (2022) and eSports.cz, s.r.o. (2022). The database
includes a wide range of data related to different levels of hockey competitions. The period under
consideration covers the entire 2021/22 season. A total of 15 hockey clubs participated in the
Tipsport extraliga in the analyzed 2021/22 season. Namely: Sparta Praha (SPA), Kometa Brno
(KOM), Motor Ceské Budéjovice (CEB), Bili Tygti Liberec (LIB), Mlada Boleslav (MLB), Dynamo
Pardubice (PCE), Mountfield Hradec Kralové (MHK), Verva Litvinov (LIT), Vitkovice Ridera
(VIT), Oceléri Ttinec (TRI), Rytiti Kladno (KLA), Skoda Plzeri (PLZ), Olomouc (OLO), Berani Zlin
(ZLN) and Energie Karlovy Vary (KVA). A total of 437 players who played at least 60 minutes in
the 2021/22 regular season were analyzed. In addition, 272 players who played at least 15 minutes
in the 2021/22 playoffs were analyzed. Players were divided into three groups according to their
game position (goalkeepers, defenders and forwards). Data on individual players was obtained

from the website of BPA sport marketing a.s. (2022). These data include mainly ice time, shots
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on goal, number of goals, number of assists, hits, number of shots blocked by a player, number of

games won, save percentage and number of shootouts.

Data Envelopment Analysis

As mentioned in the introduction, the research is aimed at evaluating the efficiency of hockey
players in Tipsport extraliga using the data envelopment analysis (further DEA) method. The
DEA method generalizes Farrell's (1957) measure of technical efficiency to the case of multiple
inputs and multiple outputs. The DEA was first defined by Charnes, Cooper and Rhodes in 1978.
It is a method that measures the relative efficiency of so-called decision-making units (further
DMUs). DEA is based on linear programming and compares the levels of inputs and outputs of
the decision-making unit with those of other DMUs in its peer group (Cooper, 2011). In sports, a
DMU can be an athlete, team manager, coach, sports club, etc. In this article, the decision-making
units are players of individual hockey clubs playing in the Tipsport extraliga. The DEA method
was developed to analyze the relative efficiency of DMUs with heterogeneous inputs and outputs.
Therefore, the use of this method seems to be appropriate in the sports industry mainly because
a set of different variables can be evaluated (Dlouhy et al.,, 2018). In this case, the DEA method
evaluates the efficiency with which the player can transform his inputs into outputs, i.e., how much
outputs the player can achieve given the amount of available inputs (Jablonsky and Dlouhy, 2015).

DEA models can be classified according to their orientation into input-oriented, output-
oriented and non-oriented models. Input-oriented models help to determine how much inputs
need to be reduced to make the evaluated unit efficient. Output-oriented models, on the other hand,
help determine by how much outputs need to be increased to make the evaluated unit efficient.
In relation to the choice of DEA model orientation, a literature search revealed that the most
common orientation used in studies using the DEA method is input orientation. An input-oriented
model was also used in this research, with the choice guided primarily by previous literature and
the fact that sports clubs generally have more control over their inputs than their outputs. Further
subdivision of DEA models is possible based on the nature of the production process. In this case,
a distinction can be made between models based on the assumption of constant returns to scale
(further CRS), e.g. the CCR model (named after its creators Charnes, Cooper and Rhodes) and
models based on the assumption of variable returns to scale (further VRS), e.g. the BCC model
(named after its creators Banker, Charnes and Cooper). In the present research, both models are
used simultaneously. By using both models, it is possible to identify the main sources of inefficiency
of the evaluated DMUs.

From a mathematical point of view, DEA is a technique to obtain information about a given
sample of observations in a situation where the production function is not known in advance. An
input-oriented CCR model was applied to the obtained data on individual players. The aim of this
model is to utilize the minimum level of inputs at the same level of output. The dual form of its
mathematical model is formulated using relations (1) and (2). Where A}., j=1,2,..nare weights of
allDMUs, i=1,2,..,mand,k =1, 2, .., rare slack/surplus variables, is the efficiency score of the
DMUq (Charnes et al., 1978).
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The model described by relations (1) and (2) works under conditions of constant returns to scale.
In the literature, the input-oriented CCR model is referred to as CCR-I (Charnes et al., 1978).
The CCR-I model makes it possible to calculate the so-called overall technical efficiency (OTE)
score. OTE measures efficiencies due to the input/output configuration and as well as the size of
operations (Avkiran, 2006). The OTE score is therefore influenced by the so-called scale efficiency.
This OTE score is within a range from zero to one, 0 < OTE < 1. Using the CCR-I model, OTE
score were determined for each hockey player. An efficient hockey player gains an OTE score
= 1. An OTE score < 1 indicates an inefficient hockey player. The lower the score, the worse the
player. It should be noted that the OTE score also helps to identify the source of the technical
inefficiency, which can be caused by pure technical inefficiency (PTIE), scale inefficiency (SIE), or
both inefficiencies at the same time i.e. overall technical inefficiency (OTIE). The source of such a
player’s inefficiency may be a lack of game performance, an incorrectly chosen game strategy, or
a combination of both.

The input-oriented BCC model was also applied to the obtained data on individual players.
The BCC model is based on the assumption of variable returns to scale. The BCC model, originally
introduced in Banker et al. (1984), extends the model described by relations (1) and (2) by the

convexity condition X, =1. The mathematical form of BCC model is as follows:
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In the literature, the input-oriented BCC model described by relations (3) and (4) is referred to as
BCC-I (Banker et al., 1984). The BCC-I model allows the calculation of a so-called pure technical
efficiency (PTE) score. The PTE score is without the influence of scale efficiency. This PTE score is

within a range from zero to one, 0 < PTE < 1. Using the BCC-I model, PTE score were determined



Studia Sportiva, Vol. 16, No. 2, 2022 235

for each hockey player. An efficient hockey player gains a PTE score = 1. PTE score < 1 indicates an
inefficient hockey player. The lower the score, the worse the player. The only source of this player’s
inefficiency is his lack of game performance. Scale efficiency (SE) for each DMU can be obtained
by a ratio of OTE score to PTE score (see formula 5). This SE score is within a range from zero to
one, 0 < SE < 1. The SE score for each player was determined using relationship (5). An efficient
hockey player gained SE score = 1. SE score < 1 indicates an inefficient hockey player. The source
of this player’s inefficiency may be an incorrectly chosen game strategy. If a DMU is characterized
as efficient in the CCR model, it will also be characterized as efficient in the BCC model. However,

the reverse is not necessarily true.

OTE
SE = 5 (5)
[t is important to note that all efficient DMUs have an OTE score equal to 1 in the CCR model.
Therefore, the efficient DMU cannot be ranked or distinguished using the CCR model. The ability
to rank or discriminate efficient DMUs is of theoretical and practical importance. So-called super-
efficiency models were formulated to rank DMUs with an efficiency score equal to one. The best
known model is that of Andersen and Petersen (1993). In principle, the super-efficiency score for
an efficient DMU can take any value greater than or equal to 1. The whole concept of super-
efficiency is based on the exclusion of efficient DMUs from the considered set, thus shifting the
original efficient frontier. This procedure allows the ranking of efficient DMUs (i.e., the higher
the super-efficiency score, the higher the ranking). Inefficient DMUs that are not at the efficiency
frontier and whose initial DEA score is less than 1 are not affected by the exclusion of efficient
DMUs from the reference set.

Jablonsky and Dlouhy (2015) formulate the Andersen and Petersen model (further AP model)
with an input-oriented CRS assumption using relations (6) and (7). Its input oriented formulation
is very close to the traditional input oriented formulation of CCR-I model, see relations (1) and (2).
If the unit under consideration is marked as efficient, then 6q*">1 applies (Jablonsky, 2016). All

calculations were performed using MaxDEA software.

Minimize 64F (6)
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In the next step, a suitable number of input/output variables should be selected. According to
Cooper (2011), the number of DMUs should be at least two to three times higher than the sum

of inputs and outputs. Since hockey players are evaluated, the DEA model will have a sufficiently
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large number of DMUs with respect to the sum of inputs and outputs. Due to the large number of
DMUs evaluated, 9 variables could be selected for the DEA model based on correlation analysis.
The CCR-I, BCC-I and AP models are based on a single input variable common to all game
positions. The input variable is time on ice (TOI). A player’s importance in the team increases every
time he is selected for a game and also if he plays a significant amount of game time. The output
variables included game statistics relevant to each game position. For defenders, the following
output variables were included in the research: number of shots (S), number of goals (G), number
of assists (A), hits (H) and the number of blocked shots by the player (BkS). For forwards, the
following output variables were included in the research: number of shots (S), number of goals (G)
and number of assists (A). For goalkeepers, the following output variables were included in the

research: number of matches won (W), save percentage (Sv%) and number of shootouts (SO).
RESEARCH RESULTS

This part of the paper is devoted to the results of an empirical research in which a non-parametric
DEA methodology was used. The DMU s in this research are the players of the top Czech hockey
competition Tipsport extraliga in the 2021/22 season. Hockey players were divided into three
groups according to their game positions. In the first part of the research, players were evaluated

on statistical data from the regular season.

DEA - regular season 2021/22

The CCR-I model and the AP super-efficiency model were applied to the statistical data on
goalkeepers, defenders and forwards who played at least 60 minutes in the 2021/22 regular season.
Subsequently, the BCC-I model was also applied to help identify sources of inefficiency.

Using the CCR-I model, OTE score was determined for all goalkeepers who played at least 60
minutes in the regular season. The average OTE score for all goalkeepers in Tipsport extraliga
is around 0.737. The median OTE score is 0.726, based on this value it can be concluded that
half of the goalkeepers had worse OTE score and half had better ones. Furthermore, based on
the calculated OTE score, it can be stated that out of the 37 goalkeepers evaluated, 5 goalkeepers
(13.5%) were efficient. Two efficient goalkeepers were identified in the hockey club Sparta Praha
(Julius Hudacek and Matéj Machovsky). One efficient goalkeeper was identified in Olomouc
(Branislav Konrad), Ocelafi Ttinec (Ondrej Kacetl) and Motor Ceské Budéjovice (Jan Strmen).
In order to further classify efficient goalkeepers, the AP super-efficiency model was applied to
the data. Table 1 shows the efficient goalkeepers ranked by AP score. The best goalkeeper of the
regular season was Julius Hudéacek (1.1370). Table 1 also shows the mean and median values of the
variables included in the DEA.

Table 1.Efficient goalkeepers in the 2021/22 regular season and descriptive statistics of variables

Ranking Goalkeeper Club AP score TOI w Sv% SO
1. Jualius Hudacek SPA 1.1370 425 5 91.67 1
2. Branislav Konrad OLO 1.1196 1031 9 92.37 3
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3. Ondrej Kacetl TRI 1.0121 1394 17 93.00 2

4. Jan Strmen CEB 1.0029 746 9 92.69 1

5. Matéj Machovsky SPA 1.0004 1005 12 92.00 2
Average 920.20 10.40 92.35 1.80
Median 1005.00 9.00 92.37 2.00

For the other clubs, none of the goalkeepers was named as an efficient unit. Thus, a total of 32
goalkeepers (86.5%) can be classified as inefficient units. Relatively good OTE scores (> 0.9) were
achieved by goalkeepers Marek Mazanec (0.9750), Jakub Sedlacek (0.9639), Marek Schwarz
(0.9176) and Filip Novotny (0.9148). The goalkeepers with the lowest OTE scores were Libor Kasik
(0.4346), Daniel Huf (0.2639) and Simon Zajicek (0.1882). These goalkeepers played for Berani Zlin
and Verva Litvinov in the 2021/22 season. Berani Zlin ranked 15th, while Verva Litvinov finished
in 13th position.

The BCC-Imodel wasalsoapplied tothe data toreveal the main sources of goalkeeperinefficiency.
The result of this phase of the analysis was the calculation of pure technical efficiency and then scale
efficiency. These two values helped to decompose the overall technical efficiency and to identify
the main sources of inefficiency. The calculation showed that out of 32 inefficient goalkeepers
only five goalkeepers had scale inefficiency (Ales Stezka, Petr Kvaca, Filip Novotny, Jaroslav Janus
and Marek Mazanec). The average SE score for these five goalkeepers was 0.8340. Thus, the main
source of inefficiency was an incorrectly chosen game strategy. For three goalkeepers, the source
of inefficiency is pure technical inefficiency (Gasper Kroselj, Henri Kiviaho and Jan Luk4s). The
average PTE score was 0.7063. The main source of inefficiency of these goalkeepers is only their
lack of game performance. For the other 24 goalkeepers, the main source of inefficiency is overall
technical inefficiency. The result of the research shows that in the regular season of 2021/22, in
most cases the reason for the inefficiency of the goalkeepers was a combination of their insufficient
game performance and incorrectly chosen game strategy. The average PTE score is 0.6861 and the
average SE score is 0.9602. The main problem with these 24 goalkeepers is largely their poor game

performance as captured by the PTE score. Table 2 shows the overall summary.

Table 2. Summary of inefficiency results - goalkeepers

Number % Avg. OTE score  Avg. PTE score Avg. SE score

Total inefficient 32 86.5 0.6882 0.7370 0.9442
scale inefficiency 5 15.6 0.8340 1.0000 0.8340
Source  pure technical inefficiency 3 9.4 0.7063 0.7063 1.0000
overall technical inefficiency 24 75.0 0.6556 0.6861 0.9602

Using the CCR-I model, OTE score was determined for all defenders who played atleast 60 minutes
in the regular season. The average OTE score of all defenders in Tipsport extraliga is around 0.692.
The median OTE score is 0.684, based on this value it can be concluded that half of the defenders
achieved worse OTE score and half achieved better. Furthermore, based on the calculated OTE
score, it can be stated that of the 146 defenders evaluated, 11 defenders (7.5 %) were considered
efficient. Two efficient defenders were identified in Vitkovice Ridera (Alexey Solovyev and Patrik

Koch), Sparta Praha (Oleg Pogorishnyi and Maksim Matushkin). One efficient defender was
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identified in Motor Ceské Budéjovice (Ondrej Slovéacek), Ocelari Trinec (Mikulas Zbotil), Dynamo
Pardubice (Jan Kost’alek), Kladno (Jakub Suchanek), Mountfield HK (Bohumil Jank), Kometa Brno
(Michal Gulasi) and Verva Litvinov (Jan Strejcek). To further classify efficient defenders, the AP
super-efficiency model was applied to the data. Table 3 shows the efficient defenders ranked by
AP score. The best defender of the regular season was Ondrej Slovacek (1.8079). Table 3 shows the

mean and median values of the variables included in the DEA.

Table 3. Efficient defenders in the 2021/22 regular season and descriptive statistics of variables

Ranking Defender Club AP score TOI H BkS G A
L. Ondrej Slovacek  CEB 1.8079 106 2 8 9 1 6
2. Mikulas Zboril TRI 1.3508 62 0 6 10 1 0
3. Jan Kostélek PCE 1.2297 1054 19 49 177 8 33
4. Alexey Solovyev VIT 1.2269 766 24 33 74 11 17
5. Patrik Koch VIT 1.2158 1000 94 89 76 2 3
6. Jakub Suchanek KLA 1.1401 813 59 116 69 2 5
Oleg
7. SPA 1.0856 100 4 13 3 1 0
Pogorishnyi
Bohumil Jank MHK 1.0590 665 39 48 72 6
9. Michal Gulasi KOM 1.0478 974 76 136 40 1 7
10. Maksim SPA 1.0115 516 5 14 73 6 14
Matushkin
11. Jan Strejcek LIT 1.0044 504 31 42 36 4 4
Average 596.36  32.09 50.36 58.09 3.91 8.27
Median 665.00  24.00 42.00 69.00 2.00 5.00

For the other clubs, none of the defenders was named as an efficient unit. Thus, a total of 135
defenders (92.5%) can be classified as inefficient units. Relatively good OTE scores (> 0.9) were
achieved by defenders Richard Nedomlel (0.9942), Rhett Holland (0.9747), Kevin Tansey (0.9710),
David Stich (0.9667), Marian Addmek (0.9235), Daniel Gazda (0.9202), Jifi Ondrusek (0.9189),
Tomas Kundréitek (0.9184) and Jakub Teper (0.9064). The defenders with the lowest OTE score
were Patrik Fajmon (0.3174), Simon Groch (0.3389) and Hakon Nilsen (0.3570).

The BCC-I model was also applied to the data to reveal the main sources of defender inefficiency.
The calculation showed that 11 of 135 inefficient defenders had scale inefficiency (Aaron Irving,
Daniel Gazda, Jakub Michalek, Jan Stencel, Jifi Ondrusek, Kevin Tansey, Peter Ceresnak, Richard
Nedomlel, Tadeas Talafa, Tomas Kundratek and Vojtéch Riedl). The average SE score for these
defenders was 0.8192. The main source of inefficiency was an inappropriately chosen game
strategy. Pure technical inefficiency was not the source of inefficiency for any of the defenders.
For the remaining 124 defenders, the main source of inefficiency is overall technical inefficiency.
The result of the research thus shows that in the regular season, in most cases, the cause of the
defenders’ inefficiency was a combination of their poor game performance and incorrectly chosen
game strategy. The average PTE score is 0.6922 and the average SE score is 0.9462. The main
problem with these defenders is largely their poor game performance captured by the PTE score.

The overall summary is shown in Table 4.
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Table 4. Summary of inefficiency results - defenders

Number % Avg. OTE score Avg.PTE score  Avg. SE score

Total inefficient 135 92.5 0.6667 0.7173 0.9358

S scale inefficiency 11 8.1 0.8192 1.0000 0.8192
ource

overall technical inefficiency 124 91.9 0.6531 0.6922 0.9462

Using the CCR-I model, OTE score was determined for all forwards who played at least 60
minutes in the regular season. The average OTE score of all forwards in Tipsport extraliga is
around 0.5508. The median OTE score is 0.5292, based on this value it can be concluded that half
of the forwards achieved worse OTE scores and half achieved better ones. Furthermore, based
on the calculated OTE score, it can be stated that out of the 254 forwards evaluated, 4 forwards
(1.6%) were considered efficient. Efficient forwards were marked in clubs: Sparta Praha (David
Tomések), Skoda Plzen (Michal Buli), Dynamo Pardubice (Robert Ric¢ka) and Ocelafi Trinec (Erik
Hrna). In order to further classify the efficient forwards, the AP super-efficiency model was applied
to the data. Table 5 shows the efficient forwards ranked by AP score. The best forward in the
regular season was David Tomasek (1.4013). Table 5 also shows the mean and median values of the
variables included in the DEA.

Table 5. Efficient forwards in the 2021/22 regular season and descriptive statistics of variables

Ranking Forward Club AP score TOI S G A
1 David Tomasek SPA 1.4013 125 20 4 7
2 Michal Bulif PLZ 1.0942 977 204 27 29
3. Robert Ricka PCE 1.0549 807 149 27 20
4 Erik Hrna TRI 1.0497 402 60 14 13
Average 577.75 108.25 18.00 17.25
Median 604.50 104.50 20.50 16.50

For the other clubs, none of the forwards was named as an efficient unit. Thus, a total of 250 forwards
(98.4%) can be classified as inefficient units. Relatively good OTE scores (> 0.9) were achieved by
forwards Filip Chlapik (0.9774), Matéj Bliimel (0.9483), Tomas Zaborsky (0.9464), Michal Repik (0.9456),
Ahti Oksanen (0.9353), Dominik Lakatos (0.9267) and Peter Mueller (0.9183). The forwards with the
lowest OTE value were Simon Fromel (0.1430), Jiti Novotny (0.2298) and Frantisek Gerhat (0.2362).
The BCC-I model was also applied to the data to reveal the main sources of offensive inefficiency.
The calculation showed that out of 250 inefficient forwards only 8 forwards had scale inefficiency
(Daniel Kurovsky, Filip Chlapik, Martin Stohanzl, Peter Mueller, Samuel Bitten, Tomas Zaborsky,
Tor Erik Eriksson Immo and Vlastimil Dostalek). The average SE score for these forwards was
0.7761. Thus, the main source of inefficiency was an incorrectly chosen game strategy. Pure technical
inefficiency was not the source of inefficiency for any of the forwards. For the other 242 forwards,
the main source of inefficiency is overall technical inefficiency. The result of the research thus shows
that in the regular season 2021/22, in most cases the reason for the inefficiency of the forwards was
a combination of their underperformance and incorrectly chosen game strategy. The average PTE
score is 0.5953 and the average SE score is 0.9082. The main problem with these forwards is their

poor game performance captured by the PTE score. The overall summary is shown in Table 6.
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Table 6. Summary of inefficiency results - forwards

Number %  Avg. OTEscore Avg.PTE score Avg. SE score

Total inefficient 250 98.4 0.5436 0.6082 0.9040

S scale inefficiency 8 3.2 0.7761 1.0000 0.7761
ource

overall technical inefficiency 242 96.8 0.5359 0.5953 0.9082

Figure 1 compares the sources of inefficiency for each type of game position. It is clear from Figure
1 that scale inefficiency is not as common a problem for players. These players could be helped by a
change of club (trade) as they most likely don’t suit the set style of play of the team or the strategy of
the coaches. Figure 1 also shows that overall technical inefficiency prevails for all game positions.
For these players it is necessary to work mainly on performance development in combination
with a possible change of game strategy. Only for some goalkeepers pure technical inefficiency
was detected by the research. This can be caused by an avalanche effect, where poor play by the

forwards affects the defenders, who in turn negatively affect the goalkeepers.
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Figure 1. Comparison of sources of inefficiency within individual game positions (regular season)

DEA - 2021/22 playoffs

The CCR-I model, an AP super-efficiency model, was applied to the statistical data on goalkeepers,
defenders and forwards who played at least 15 minutes in the 2021/22 playoffs. Subsequently, the
BCC-I model was also used to help identify sources of inefficiency.

Using the CCR-I model, OTE score was determined for all goalkeepers who played at least 15
minutes in the playoffs. The average OTE score for all goalkeepers in the playoffs is around 0.569.
The median OTE score is 0.532, based on this value it can be concluded that half of the goalkeepers
achieved worse OTE scores and half achieved better ones. Furthermore, based on the calculated
OTE score, it can be stated that out of the 21 goalkeepers evaluated, 4 goalkeepers (19.05%) were
efficient. Two efficient goalkeepers were identified in Ocelati Ttinec (Marek Mazanec and Ondrej

Kacetl). One efficient goalkeeper was identified in Motor Ceské Budéjovice (Jan Strmen) and Skoda
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Plzen (Miroslav Svoboda). To further classify the efficient goalkeepers, the AP super-efficiency
model was applied to the data. Table 7 shows the efficient goalkeepers ranked by AP score. The
best goalkeeper in the playoffs was Miroslav Svoboda (2.1733). Table 7 also shows the mean and

median values of the variables included in the DEA.

Table 7. Efficient goalkeepers in the 2021/22 play-off and descriptive statistics of variables

Ranking Goalkeeper Club AP score TOI w Sv% SO

1 Miroslav Svoboda PLZ 2.1733 119 1 94,74 1

2. Marek Mazanec TRI 1.2798 128 2 95,24 0

3 Jan Strmen CEB 1.1429 15 0 66,67 0

4. Ondrej Kacetl TRI 1.0982 733 10 93,75 3
Average 248.75 3.25 87.60 1.00
Median 123.50 1.50 94.25 0.50

For the other clubs, none of the goalkeepers was identified as an efficient unit. Thus, a total of 17
goalkeepers (80.95 %) can be classified as inefficient units. Other goalkeepers had OTE values lower
than 0.88. The goalkeepers with the lowest OTE were gtépén Lukes$ (0.1102) and Henri Kiviaho (0.1338).

The BCC-I model was also applied to the data to reveal the main sources of goalkeeper
inefficiency in the playoffs. The result of this phase of the analysis was the calculation of pure
technical efficiency and then scale efficiency. These two values helped to decompose the overall
technical efficiency and to identify the main sources of inefficiency. The calculation showed that
out of 17 inefficient goalkeepers only two goalkeepers had scale inefficiency (Jaroslav Pavelka and
Pavel Jekel). The average SE score for these two goalkeepers was 0.7260. Thus, the main source
of inefficiency was an incorrectly chosen game strategy. For two goalkeepers, the source of
inefficiency is pure technical inefficiency (Branislav Konrad and Marek Ciliak). The average PTE
score was 0.5633. The main source of inefficiency of these goalkeepers is only their lack of game
performance. For the remaining 13 goalkeepers, the main source of inefficiency is overall technical
inefficiency. The result of the research thus shows that in the playoffs, in most cases the reason for
the inefficiency of goalkeepers was a combination of their poor game performance and incorrectly
chosen game strategy. The average PTE score is 0.5424 and the average SE score is 0.7508. So the
main problem with these goalkeepers is rather their poor game performance captured by the PTE

score. The overall summary is presented in Table 8.

Table 8. Summary of inefficiency results — goalkeepers

Number % Avg. OTE score Avg. PTE score Avg. SE score

Total inefficient 17 80.95 0.4672 0.5987 0.7772
scale inefficiency 2 11.8 0.7260 1.0000 0.7260
Source  pure technical inefficiency 2 11.8 0.5633 0.5633 1.0000
overall technical inefficiency 13 76.5 0.4126 0.5424 0.7508

Using the CCR-I model, OTE score was determined for all defenders who played at least 15
minutes in the playoffs. The average OTE score for defenders in the playoffs is around 0.698. The
median OTE score is 0.659, based on this value it can be concluded that half of the defenders
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achieved worse OTE scores and half achieved better ones. Furthermore, based on the calculated
OTE score, it can be stated that out of the 86 defenders evaluated, 10 defenders (11.6%) were
considered efficient. Two efficient defenders were identified in Vitkovice Ridera (Petr Gewiese
and Patrik Koch), Mountfield HK (Filip Pavlik and Petr Kalina), Skoda Plzen (Vladimir Kremlacek
and Peter Cere$nak) and Kometa Brno (Marek Daloga and Radek Kucerik). One efficient defender
was identified in Dynamo Pardubice (Jan Kostéalek) a Sparta Praha (Tomas Pavelka). To further
classify the efficient defenders, the AP super-efficiency model was applied to the data. Table 9
shows the efficient defenders ranked by AP score. The best defender of the playoffs was Filip Pavlik
(1.4039). Table 9 also shows the mean and median values of the variables included in the DEA.

Table 9. Efficient defenders in the 2021/22 play-off and descriptive statistics of variables

Ranking Defender Club AP score TOI H AB S G A
1. Filip Pavlik MHK 1.4039 114 3 4 21 0 1
2. Petr Gewiese VIT 1.3768 23 2 5 1 0 0
3. Vladimir Kremlacek PLZ 1.3389 30 1 5 3 0 1
4. Patrik Koch VIT 1.3380 125 13 8 14 0 2
5. Petr Kalina MHK 1.2992 70 3 5 7 1 1
6. Peter Ceresnak PLZ 1.1741 130 5 9 12 1 4
7. Marek Daloga KOM 1.1463 99 0 8 11 1 3
8. Jan Kostéalek PCE 1.1169 128 1 4 17 0 4
9. Radek Kucerik KOM 1.1122 95 6 15 11 0 0
10. Tomas Pavelka SPA 1.0448 268 2 9 21 4 2

Average 108.20 360 7.20 11.80 0.70 1.80

Median 106.50 250 6.50 11.50 0.00 1.50

For the other clubs, none of the defenders was identified as an efficient unit. Therefore, 76 defenders
(88.4%) can be classified as inefficient units. Defenders Dominik Granak (0.9983), Karel Nedbal
(0.9862), Jeremie Blain (0.9576), David Skirek (0.9432), David Némecek (0.9226), Jan Zahradnicek
(0.9185) and Tomas Cern;’f (0.9125) had relatively good OTE scores (> 0.9). The defenders with the
lowest OTE scores were David Moravec (0.0029), David Kvasnicka (0.2421) and Mitchell Fillman
(0.3272).

The BCC-I model was also applied to the data to reveal the main sources of inefficiency. The
calculation showed that out of 76 inefficient defenders, 16 defenders had scale inefficiency. The
average SE score for these defenders was 0.8514. The main source of inefficiency may have been
an incorrectly chosen game strategy. Pure technical inefficiency was not the source of inefficiency
for any of the defenders. For the remaining 60 defenders, the main source of inefficiency is overall
technical inefficiency. The result of the research thus shows that in the playoffs, the cause of the
inefficiency of the defenders was in most cases a combination of their poor game performance
and incorrectly chosen game strategy. The average PTE score is 0.6966 and the average SE score is
0.8577. The main problem with these defenders is largely their poor game performance captured

by the PTE score. The overall summary is shown in Table 10.
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Table 10. Summary of inefficiency results — defenders

Number % Avg. OTE score  Avg. PTE score  Avg. SE score

Total inefficient 76 88.4 0.6578 0.7605 0.8564

S scale inefficiency 16 21.1 0.8514 1.0000 0.8514
ource

overall technical inefficiency 60 78.9 0.6062 0.6966 0.8577

Using the CCR-I model, OTE score was determined for all forwards who played at least 15 minutes
in the playoffs. The average OTE score for all forwards in the playoffs is around 0.5015. The median
OTE score is 0.4844, based on this value it can be concluded that half of the forwards achieved
worse OTE scores and half achieved better ones. Furthermore, based on the calculated OTE score,
it can be stated that out of the 165 forwards evaluated, 6 forwards (3.6 %) were considered efficient.
Efficient forwards were identified in Sparta Praha (David Tomasek), Skoda Plzen (Michal Bulif),
Energie Karlovy Vary (Tomas Redlich), Mlada Boleslav (Matyas Kantner), Kometa Brno (Peter
Mueller) and Motor Ceské Budéjovice (Daniel Vozenilek). In order to further classify the efficient
forwards, the AP super-efficiency model was applied to the data. Table 11 shows the efficient
forwards ranked by AP score. The best forward in the playoffs was Tomas Redlich (1.9429). Table

11 also shows the mean and median values of the variables included in the DEA.

Table 11. Efficient forwards in the 2021/22 play-off and descriptive statistics of variables

Ranking Forward Club AP score TOI S G A

1. Tomas Redlich KVA 1.9429 20 0 2

2. Matyas Kantner MLB 1.1744 43 9 2 0

3. Michal Bulif PLZ 1.1627 95 27 2 2

4. Peter Mueller KOM 1.1087 90 22 3 3

5. Daniel Vozenilek CEB 1.1001 112 13 5 2

6. David Tomasek SPA 1.0088 184 35 6 7
Average 90.67 18.17 3.00 2.67
Median 92.50 17.50 2.50 2.00

For the other clubs, none of the forwards was identified as an efficient unit. Thus, a total of 159
forwards (96.4 %) can be classified as inefficient units. Forwards Ondrej Beranek (0.9613), Michal
Birner (0.9287), Michal Kunc (0.9205) and Tomas Vondracek (0.9089) had relatively good OTE
scores (> 0.9). The forwards with the lowest OTE score were Vojtéch Lednicky (0.0009), Tomas
Knotek (0.0690) and Vit Jiskra (0.1466).

The BCC-I model was also applied to the data to reveal the main sources of inefficiency of
the forwards. The calculation showed that out of 159 inefficient forwards only five forwards had
scale inefficiency (Filip Chlapik, Michal Repik, Milos Kelemen, Tomas Filippi and Tomas Urban).
The average SE score for these forwards was 0.8172. Thus, the main source of inefficiency was
an incorrectly chosen game strategy. For 20 forwards, pure technical inefficiency was the source
of inefficiency. The average PTE score was 0.4693. The main source of the inefficiency of these
forwards is only their lack of game performance. For the other 134 forwards, the main source of
inefficiency is overall technical inefficiency. The result of the research shows that in the playoffs of

the 2021/22 season, in most cases the reason for the inefficiency of the forwards was a combination
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of their lack of game performance and incorrectly chosen game strategy. The average PTE score
is 0.5741 and the average SE score is 0.8301. The main problem with these forwards is their poor

game performance captured by the PTE score. The overall summary is shown in Table 12.

Table 12. Summary of inefficiency results - forwards

Number % Avg. OTE score  Avg. PTE score Avg. SE score

Total inefficient 159 96.4 0.4826 0.5743 0.8511
scale inefficiency 5 3.1 0.8172 1.0000 0.8172
Source pure technical inefficiency 20 12.6 0.4693 0.4693 1.0000
overall technical inefficiency 134 84.3 0.4722 0.5741 0.8301

Figure 2 compares the sources of inefficiency for each type of game position in the playoffs. Figure
2 shows that the main source of inefficiency is overall technical inefficiency. For goaltenders, the
sources of inefficiency changed only slightly compared to the regular season. There was a change in
the defenders, where the proportion of scale inefficiency increased slightly compared to the regular
season. There was also a change in the group of forwards. The playoffs saw a very significant pure
technical inefficiency compared to the regular season (increase from O to 20 forwards). For these
players, the main cause of inefficiency was probably performance or physical unpreparedness for
the playoffs. A possible reason for this phenomenon is the different length of the two Tipsport
extraliga periods. In the playoffs, players’ performance or physical deficiencies, which are not so
noticeable in the regular season (played for 56 rounds), were more evident.
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Figure 2. Comparison of sources of inefficiency within individual game positions (play-off)

DISCUSSION

Considering the current economic and financial situation of hockey clubs, it is more than necessary

to know how efficiently a club uses its financial and human resources. The analysis of the efficiency
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of hockey players is an important research topic in the field of player evaluation and selection, as
well as the composition of hockey teams for the new season. The analysis enables the identification
of sources of inefficiency and helps to find corrective measures to avoid wasting resources. The
presented research uses basic methods of data envelopment analysis to determine the level of
technical efficiency of Czech hockey players, ranks the best players based on their super-efficiency
scores, and then tries to uncover the main sources of player inefficiency.

The results showed that the relative frequency of efficient goalkeepers is higher in the playoffs
(19.05%) than in the regular season (13.5 %). On the other hand, both the average and median
OTE scores were lower for goalkeepers in the playoffs than in the regular season. For goalkeepers,
all sources of inefficiency were identified. For most goalkeepers, overall technical inefficiency
prevailed. The differences in the structure of sources of inefficiency in the regular season and
playoffs were minimal. Research on defenders has shown that the relative frequency of efficient
defenders is higher in the playoffs (11.6 %) than in the regular season (7.5 %). The average and
median OTE scores in the playoffs and regular season showed only minimal differences. For
defenders, only two sources of inefficiency were identified - overall technical inefficiency and scale
inefficiency. Overall technical inefficiency was predominant. It can also be concluded that in the
playoffs there was a higher proportion of defenders suffering from scale inefficiency. The results
also showed that the relative frequency of efficient forwards is higher in the playoffs (3.6%) than
in the regular season (1.6%). Both the average and median OTE scores were slightly lower in the
playoffs. The structure of sources of inefficiency differed in the regular season and the playoffs.
No forward showed pure technical inefficiency in the regular season. On the other hand, 12.6%
of forwards suffered from pure technical inefficiency in the playoffs. In the short-term part of the
competition, the players‘ performance or physical deficiencies were more evident.

The research reaches similar conclusions to Kahane (2005), who states that inefficiency in
the NHL can be traced in part to differences in coaching ability and management experience.
This source of player inefficiency has also been confirmed in the Czech Tipsport extraliga. The
inefficiency resulting from poor coaching decisions was confirmed for all groups of players and
was captured by scale inefficiency. However, the main source of player inefficiency in the Czech
league was overall technical inefficiency. Most players need to work on performance development
in combination with a change in game strategy. Performance is not as big a problem in the NHL
as it is in the Czech league due to the very wide player base.

Unfortunately, the Czech Tisport extraliga failed to prove the conclusions of Kuosmanen (1998),
who claims that player salaries do not fully explain the success of teams in the regular season and
playoffs. Player salary could not be included in the models in the Czech hockey environment due

to unavailability of data and the research had to be based on playing time.

CONCLUSION

The aim of this research was to determine the level of technical efficiency of hockey players in the
Czech Tipsport extraliga. Furthermore, to create a ranking of the best hockey players and to reveal

the main sources of player inefficiency.
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The presented methodology allows to use a comparative system to evaluate the efficiency of
players and teams at both club and national level. It can primarily help sports managers of clubs to
gain knowledge about the performance of their players and subsequently contribute to improving
their performance or help with the composition of players for the new season. Along with general
knowledge and experience, coaches can also take DEA efficiency analysis into account for team
development and for tactical preparation of goalkeepers, defenders and forwards for matches. This
evaluation model could contribute to a more accurate differentiation of the quality of individual
players and to the evaluation of the overall efficiency of the team after the end of the season, if
information about players’ salaries is included. The quality of individual players is also important
for hockey scouts who can also use the DEA method. The DEA is based on quantitative variables
and can be used as a complementary method to attributes such as player’s personality, behaviour,
player’s game thinking, skating attitude, stability, skating economy, speed and agility.

For better and more accurate results, it would be desirable to supplement the data envelopment
analysis with another input variable, which would be the players’ salary. Currently, however,
player salaries are not a publicly available variable and it is difficult for an outside analyst to
determine this data. Czech hockey differs significantly from other hockey competitions when it
comes to player salary disclosure. For example, the NHL or Scandinavian hockey competitions
are more transparent in this respect and provide data on players’ salaries to the wider public. In
the future, this input variable would make it possible to make the efficiency results of individual
players and subsequently of entire teams more precise. For example, players who have average
or below-average salaries can achieve very interesting game results and can be identified as an
efficient unit in terms of the DEA model. Such a player could be an interesting acquisition for the
club when building the team for the new season. On the other hand, inefficient players with above-
average financial compensation represent a waste of the club’s financial resources and contribute
to a decrease in the overall efficiency of the team. Other output variables can also be added to the
research, such as face-offs won, penalty minutes, plus-minus statistics, etc. Future research in the
field of ice hockey can also target individual players’ game or technical skills and include variables
in the DEA model that are only related to offensive or defensive activities.

The presented methodology can also be applied to Czech hockey players playing at the national
team level. Then compare the results with foreign rivals. It is also important to mention that
the research was applied only for one season. Future research should focus on determining the
technical efficiency of players and clubs with more seasons. Based on a longer time series, it should
be clear how the club responded to the calculated efficiency and whether it tried to make changes
in subsequent seasons. For this purpose, the data envelopment analysis would be complemented by

the Malmquist index, which helps with tracking technical efficiency in a time series.
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